To comprehensively study extracellular small RNAs (sRNA) by sequencing (sRNA-seq), we developed 46 a novel pipeline to overcome current limitations in analysis entitled, "Tools for Integrative Genome 47 analysis of Extracellular sRNAs (TIGER)". To demonstrate the power of this tool, sRNA-seq was 48 performed on mouse lipoproteins, bile, urine, and liver samples. A key advance for the TIGER pipeline 49 is the ability to analyze both host and non-host sRNAs at genomic, parent RNA, and individual fragment 50 levels. TIGER was able to identify approximately 60% of sRNAs on lipoproteins, and >85% of sRNAs in 51 liver, bile, and urine, a significant advance compared to existing software. Results suggest that the 52 majority of sRNAs on lipoproteins are non-host sRNAs derived from bacterial sources in the 53 microbiome and environment, specifically rRNA-derived sRNAs from Proteobacteria. Collectively, 54 TIGER facilitated novel discoveries of lipoprotein and biofluid sRNAs and has tremendous applicability 55 for the field of extracellular RNA. 56 57 58 59 60 61 62 63 64 65 Introduction 66
than livers (wild-type, WT, mice) -APOB (F=9.57, p=0.001), HDL (F=7.11, p=0.001), bile (F=5.56, 139 p=0.001), and urine (F=8.42, p=0.001) (Figure 2 -Source Data 2) . Next, beta-dispersion tests were 140 used to determine that lipoprotein (high-dispersions) and biofluid (high-disperisons) samples were 141 significantly (ANOVA P<0.05) more dispersed (less consistent) than livers (low-dispersion) -APOB 142 (F=31.03, p<0.0001), HDL (F=23.20, p<0.0001), bile (F=17.09, p<0.0001), and urine (F=15.47, 143 p<0.0001) (Figure 2C) . To further compare miRNA signatures between groups, high-end analyses 144 were performed using hierarchical clustering and correlations of group means. Lipoprotein profiles 145 clustered separately from liver and biofluids, and lipoproteins displayed high correlations between HDL 146 and APOB groups and modest correlations to liver, bile, and urine groups (Figure 2D) . These results 147 suggest that HDL and APOB transport unique miRNA signatures that are distinct from liver with 148 decreased homogeneity and increased dispersion. 149
Due to imprecise cleavage of miRNAs from precursor miRNA hairpins [18] [19] [20] , one miRNA locus can 150 produce multiple isoforms, termed isomiRs, which can differ by one or two nts at the 5' start position. 151
Consequently, the canonical miRNA "seed" sequence is altered, potentially conferring recognition of 152 different mRNA targets [19] [20] [21] . Therefore, it is important that miRNA analysis includes quantification of 153 isomiRs and all samples in our study contained 5' isomiRs, the largest fraction was found on HDL 154 (8.42%) followed by urine (7.2%), APOB (6.53%), bile (4.54%), and liver (4.34%) (Figure 2-Figure  155 Supplement 1A,B). In addition, we found specific examples of miRNAs with different 5' terminal start 156 positions than their reported canonical forms, e.g. miR-142-5p (-2), miR-133a-3p (+1) and miR-192-5p 157 (+1), and these patterns were consistent across all sample types (Figure 2E) . Most interestingly, we 158 found evidence that miRNAs may be partitioned to cellular and extracellular pools by their isomiR 159 forms, as lipoproteins and biofluids contained significantly more 5' (-1) isomiRs of miR-101a-3p than 160 liver samples (Figure 2E) . Mature miRNAs also harbor extensive variability on their 3' terminal ends 161 due to imprecise processing and NTAs, e.g. extra non-genomic 3' nts added by cytoplasmic 162 nucleotidyltransferases 6, 22 . A substantial fraction of miRNAs (17-32%) across all sample types were 7 modified with NTAs (Figure 2-Figure Supplement 1C) . As a percentage of total miRNAs, APOB 164 particles contained significantly more miRNAs harboring non-templated additions (NTA) than liver 165 samples (Figure 2-Figure Supplement 1B,C) . A previous study proposed that poly-uridylation (NTA-166 U) was increased on extracellular miRNAs (released in exosomes) and miRNA poly-adenylation (NTA-167 A) was associated with cellular retention 23 . To determine if lipoproteins and/or biofluids are similarly 168 enriched for poly-uridylation, NTA patterns were compared between groups, and similar to exosomes, 169 HDL and APOB samples were indeed observed to be significantly enriched with NTA-U compared to 170 liver samples which were enriched with NTA-A ( Figure 2F) . Intriguingly, extracellular miRNAs in bile 171 and urine from WT mice were not enriched for either NTA; however, in urine, loss of SR-BI (KO mice) 172 was found to significantly increase the NTA-U/A ratio ( Figure 2F) . Collectively, these results 173 demonstrate that miRNAs on lipoproteins are distinct for many features from hepatic miRNAs, including 174 5' isomiRs and 3' NTAs. 175
176

Lipoproteins transport many classes of host sRNAs 177
Most, if not all, non-coding RNAs are processed to smaller fragments creating an enormously diverse 178 pool of sRNAs in cells and extracellular fluids 12 . To determine if lipoproteins also transport non-miRNA 179 sRNAs and to compare annotated host sRNAs across sample types, reads were aligned to the host 180 (mouse) genome, as well as to mature transcripts for specific RNA classes with genes containing 181
introns, e.g tRNAs and rRNAs 24 . For liver samples, the most abundant class of sRNAs was rDRs, which 182 were predominantly 42-45 nts in length (Figures 3A,B) . rDRs were also present on HDL and APOB 183 particles; however, their lengths were variable (Figures 3A,C,D) . We also detected snoDRs (57-64 nts 184 in length) in livers; however, snoDRs were largely absent from lipoproteins and biofluids, suggesting 185 that the liver and other tissues may not export this class of sRNAs to lipoproteins or into bile or urine 186 (Figures 3A-F) . Both lipoproteins and biofluids contained tDRs 28-36 nts in length which suggests that 187 these sRNA are likely tRNA-derived halves (tRHs), a sub-class of tDRs approximately 31-35 nts in 188 8 length ( Figures 3A,C,D) 42, 47 . Most tDRs on lipoproteins and in biofluids aligned to the 5' halves of 189 parent tRNAs, particularly amino acid anticodons for glutamate (GluCTC), glycine (GlyGCC), aspartate 190 Figure Supplements 2A,B) . A key feature of the TIGER pipeline is the ability to analyze 193 sRNAs based on their parent RNAs or individually as fragments. At the parent level for tDR signatures, 194 all groups overlapped; however, at the fragment level, tDR signatures for lipoproteins, bile, and urine 195 were found to be clearly delineated from livers (Figures 4B,C) . These results were supported by 196 PERMANOVA analysis which indicated that lipoprotein and biofluids were significantly distinct from liver 197 based on tDR fragments: APOB (F=5.32, p=0.001), HDL (F=2.94, p=0.014), bile (F=10.22, p=0.001), 198 and urine (F=7.08, p=0.001) ( To validate candidate host sRNAs on lipoproteins and in biofluids identified by sRNA-seq, real-time 205 PCR using custom locked-nucleic acid (LNA)-based assays (Exiqon) were completed. For tDRs, both 206 tDR-GluCTC (38 nts in length) and tDR-GlyGCC (32 nts in length) were confirmed to be highly-207 abundant on HDL and APOB particles, and were not detected in the negative control (buffer) solution 208 used to isolate the lipoproteins (Figure 4D,E) . Furthermore, two novel snDRs and a candidate sRNA 209 cleaved from a ribozyme (miscRNA) were also detected by PCR on lipoproteins at comparable levels to 210 a previously reported miRNA on lipoproteins (miR-223-3p) (Figure 4 
-Figure Supplements 5A-D). 211
Although the general, regional cleavage patterns for specific parent RNAs were consistent for tRNAs 212 Reads aligning to non-human transcripts have previously been detected in human plasma samples 1 ; 226 however, it is unknown which carriers transport non-host sRNAs in host circulation. To determine if 227 lipoproteins carry exogenous bacterial and fungal sRNAs, reads >20 nts in length that failed to map to 228 the host (mouse) genome were aligned in parallel to A.) Annotated non-host transcripts curated in 229 GtRNAdb (tRNA), SILVA (rRNA), and miRBase (miRNA) databases, and B.) Genomes of bacteria and 230 fungi of the microbiome (human microbiome, HMB) or environment (ENV) (Figure 1) . To identify 231 exogenous miRNAs (xenomiRs), reads were aligned (perfect match only) to non-host mature miRNA 232 sequences (miRBase.org); however, only a few xenomiRs were detected within our datasets and 233 overall contributions to each profile were minimal (Figure 5-Source Data 1). To determine the levels of 234 exogenous tDRs on lipoproteins, non-host reads were aligned to parent tRNAs curated in the GtRNAdb 235 library. Both HDL and APOB particles were found to transport a diverse set of exogenous tDRs across 236 multiple kingdoms, which accounted for approximately 2.5% of sRNAs (total reads) circulating on each were similar; however, HDL were found to be enriched for shorter length non-host tDRs and rDRs 251 compared to APOB particles (Figures 5D,E) . Collectively, these results suggest that lipoproteins 252 transport exogenous tDR and rDRs, most of which are likely bacterial in origin. 253
Aligning reads to transcripts in databases is biased in that only known (annotated) RNAs are 254 queried, and thus, limits the power of discovery in sRNA-seq datasets. To comprehensively analyze 255 exogenous sRNAs, non-host reads were also aligned to bacterial genomes within the NIH HMB Project 256 (hmpdacc.org). The HMB database currently holds 3,055 genomes, many of which are closely related; 257 therefore, to address potential multi-mapping issues, we collapsed these species into 206 258 representative genomes that spanned 11 phyla and accounted for every genera within the HMB. bacterial sRNAs, circular tree maps were generated. As shown by concentric rings in the tree maps, the 263 vast majority of both HDL and APOB bacterial reads mapped to the Proteobacteria phylum (green), 264 Most interestingly, many reads that aligned to bacterial rRNA transcripts failed to align to the HMB 271 genomes, thus suggesting that some sRNAs may originate from bacteria not presently curated in the 272 HMB database. Using BLASTn (NCBI), many highly abundant reads were perfect matches to bacterial 273 genomes of environmental bacterial species of soil and water, but could be associated with 274 opportunistic infections. Therefore, to increase our non-host coverage, 167 additional bacterial To assess bacterial sRNA profiles across samples, non-host sRNAs (HMB and ENV) on 286 lipoproteins were correlated between samples. For both databases, we identified high correlations 287 between samples at the genome level and low correlations at the fragment level (Figures 6B,C) . These 12 data suggest that similar bacteria are contributing sRNAs to circulating lipoproteins across all mice. 289
Nevertheless, these bacteria may contribute different sRNAs (sequences) to HDL and APOB particles 290 in different mice or the processing of bacterial sRNAs before and/or during HDL and APOB trafficking is 291 differentially regulated. A key difference between HDL and APOB bacterial sRNAs was length, as HDL 292
were enriched for shorter sRNAs than APOB particles; this pattern was evident for both HMB and ENV 293 sRNAs (Figures 6D,E) The lack of strong correlation at the fragment level for non-host sRNAs is likely due to differences in 301 read lengths and sequences (e.g. terminal nts) for similar reads due to imprecise processing of parent 302
RNAs, and thus variable read counts across samples. These observations present unique challenges 303
to study individual sRNAs for biological function; however, many candidate sRNAs do exist within the 304 very large pool of non-host reads. Using real-time PCR, we quantify candidate bacterial sRNAs on 305 lipoproteins, and confirmed that HDL and APOB particles transport a 22 nt rDR (5'-306 AGAGAACUCGGGUGAAGGAACU-3') likely from bacteria of the Proteobacteria phylum (Figure 6F , 307 To determine which RNA class and species contribute to the most abundant sRNAs in each sample 319 type, the top 100 ranked reads for each sample were filtered and redundant reads were removed for 320 each group. For liver and bile samples, the top ranked reads were predominantly host sRNAs ( Figure  321   7A,B) . On the contrary, the top most abundant reads on lipoproteins were comprised of both host and 322 non-host sRNAs (Figures 7C,D) . The top ranked reads in urine samples were found to be largely host 323 sRNAs (e.g. tDRs); however, many links to exogenous bacterial sRNAs were identified (Figure 7E) . 324
Although our host and non-host analyses were thorough, many of the top ranked sequences remained 325 unidentified. Therefore, we sought to further analyze sRNA profiles using a class-independent strategy, 326
in which we focused on only the most abundant reads for each group. To assess the similarity of 327 profiles between groups for the top ranked sRNAs, hierarchical clustering and correlations were 328 performed, and lipoproteins displayed modest correlations with other groups and clustered separately 329 from livers, bile, and urine (Figure 7-Figure Supplement 1) . These observations were confirmed by 330
PCoA, as lipoprotein samples overlapped and clustered together, separately from bile, urine and liver 331 samples (Figure 7F) . PERMANOVA analysis found that every group was significantly distinct from 332 each other based on the most abundant sRNAs (Figure 7-Source Data 1) . These results suggest that 333 each sample type can be defined by their most abundant sRNAs independent of parent RNA class or 334 contributing host or non-host species which is highly appropriate for the study of heterogeneous pools 335 of exRNAs. To compare the TIGER pipeline to other sRNA-seq analysis software, APOB, HDL, and liver samples 339 from WT mice were analyzed by Chimira 8 , Oasis 14 , ExceRpt 25 , and miRge 13 software (Figure 8-Source  340 Data 1). Although the pipelines are designed for different outputs, each can quantify host miRNAs for 341 which we used to compare analyses, and we found that all the pipelines were comparable in their ability 342 to quantify host canonical miRNAs for different sample types and the pipelines were highly correlated 343 for miRNAs (Figure 8-Figure Supplement 1A,B) . Most available software for sRNA-seq data analysis 344 are restricted to miRNAs or endogenous (host) sRNAs, including Chimira, Oasis, and miRge (Figure 8-345 Source Data 1). This approach may be suitable for liver samples (red circles), as demonstrated by 346 ternary plots, but HDL (blue circles) and APOB (green circles) samples remain largely unexplained 347 ( Figure 8A) . Incorporation of both endogenous and exogenous sRNAs, a key feature of the TIGER 348 pipeline, is essential to studying lipoprotein sRNAs as this strategy accounts for substantially more 349 reads in the datasets, as depicted by the left shifts of blue and green circles in the ternary plots ( Figure  350   8B, Figure 8-Source Data 2) . A key metric for comparing pipelines is the amount of (useable) 351 information extracted from the data by the software, i.e. the percent of assigned quality reads. 352
Remarkably, the TIGER pipeline accounted for 87.95% bile, 87.9% of liver, 85.3% urine, 71.5% HDL, 353 and 62.2% APOB reads in WT mice (Figure 8C, Figure 8-Source Data 3) . In comparison to other 354 pipelines, the TIGER pipeline accounted for significantly more reads in lipoprotein datasets, and 355 significantly more reads than Chimira, Oasis, and ExceRpt for liver datasets which are largely host 356 sRNAs (Figures 8C,D) . After the TIGER pipeline performs the non-host read analyses, the top ranked 357 most abundant sequences of the unexplained reads that remain were searched using BLASTn (Figure  358   1) . Collectively, the TIGER pipeline provides an opportunity to analyze sRNA-seq with increased depth 359 and detail which is particularly suited for analysis of exRNA and sRNAs on lipoproteins. 360 361
SR-BI Regulation of Lipoprotein sRNAs 362
15 SR-BI is highly-expressed in the liver and plays a fundamental role in reverse cholesterol transport 363 mediating hepatic uptake of HDL-cholesteryl esters and biliary cholesterol secretion [26] [27] [28] . Loss-of-364 function variants in human SCARB1 (SR-BI) were associated with increased in circulating HDL-C 365 levels 29 . Likewise, Scarb1 mutations in mice also resulted in increased HDL-C levels 30 . We have 366 previously reported that HDL-delivery of miRNAs to hepatocytes in vitro requires SR-BI 17 . Based on 367 these observations, we hypothesized that SR-BI may regulate sRNA levels on lipoproteins as well as 368 miRNAs in liver and bile. To quantify the impact of SRBI-deficiency on exRNAs in vivo, host sRNAs 369 were compared at both the parent and fragment levels. For miRNAs, loss of SR-BI in mice did not alter 370 miRNA content in liver, urine, bile, or APOB particles at the parent level, and only one miRNA (mmu-371 miR-143-3p, 0.199-fold, adjp= 0.00042) was significantly altered in SR-BI KO mice compared to WT 372 mice (Figure 9A, Figure 9 -Source Data 1). We also identified a limited number of significantly altered 373 non-miRNA host sRNAs at the parent level in SR-BI KO mice compared to WT mice (Figure 9A , 374 as SR-BI KO mice were found to have a significant increase in urinary miRNA NTAs (p<0.001) 376 compared to WT mice (Figure 2-Figure Supplement 1C) . Moreover, we found a significant (p=0.0021) 377 change in NTA-A/U ratios in urine from SR-BI KO mice compared to WT mice, as urine samples from 378 WT mice were enriched for poly-adenylated miRNAs (NTA-A) and samples from SRBI KO mice were 379 enriched for poly-uridylated miRNAs (NTA-U) (Figure 2F) . 380
The impact of SR-BI-deficiency on lipoprotein sRNAs may not be evident by grouping individual 381 sRNAs by their likely parent RNAs and differential expression analyses of individual fragments for each 382 RNA class may be necessary, as the expression of many individual fragments were found to be 383 significantly altered in SR-BI KO mice compared to WT mice and distinct patterns were detected 384 (Figure 9) . For example, SR-BI-deficiency resulted in a significant decrease to 21 individual miRNA 385 sequences (Figure 9, Figure 9 -Souce Data 2). Conversely, we found 57 snDR and 8 rDR fragments 386 that were significantly increased on HDL (Figure 9-Souce Data 2) . In livers from SR-BI KO mice, we 387 found 14 snDRs and 16 rDRs that were significantly increased at the fragment level, although these 388 were not identical sequences to fragments found to be decreased on HDL for these classes (Figure 9 , 389 Figure 9-Souce Data 2). These results suggest that SR-BI may play a limited role in regulating sRNAs 390 circulating on HDL and in livers. Nevertheless, these results strongly support the need to analyze host 391 sRNAs not just at the parent level, but also the fragment level, as potentially critical observations may 392 be lost in the grouping of similar sequences for parent analysis. 393
Although bacteria may regulate SR-BI expression 31 , SR-BI regulation of the gut microbiome is 394 unclear, and the role of SR-BI in regulating circulating non-host bacterial sRNAs on lipoproteins is 395 completely unknown. To determine if SR-BI contributes to exogenous sRNAs on lipoproteins and in 396 biofluids, differential expression analysis was performed at both the genome and fragment levels. Only 397 one bacterial species was found to be significantly altered between SR-BI KO and WT mice, decreased 398
Streptomyces in urine, as determined by genome counts (Figure 9-Figure Supplement 2A, Figure 9 -399 Source Data 3). At the individual fragment level, only 3 bacterial sRNAs were significantly altered by 400 SR-BI-deficiency; one each in APOB, bile, and urine samples (Figure 9-Figure Supplement 2B , 401 genomes as we failed to find any individual fungal sRNAs that were significantly affected by the loss of 406 SR-BI (Figure 9-Figure Supplement 2B) . To determine if SR-BI-deficiency in mice results in changes 407 to the most abundant sequences in each group, independent of RNA class or genotype, differential 408 expression analysis was performed for the top 100 reads filtered in the class-independent analysis. 409
Nonetheless, we only found changes to the most abundant reads on lipoproteins in SR-BI KO mice 410 compared to WT mice (Figure 9-Figure Supplement 3, Figure 9 -Source Data 5). 411 412
Discussion 413
High-throughput sequencing of sRNAs has revealed a complex landscape of various types of sRNAs in 414 cells and extracellular fluids, many of which have not been studied. Currently, there is a great need for 415 tools that can extract many types of sRNAs and their distinct features from sequencing datasets. Here, 416
we used sRNA-seq and TIGER to profile most sRNA classes on HDL and APOB particles and 417 compared these profiles to liver, bile, and urine. Using this approach, we found that HDL and APOB 418 particles transport a wide-variety of host sRNAs, including tDRs, rDRs, snDRs, and many other 419 miscRNAs. Moreover, we found that exRNAs on lipoproteins harbored unique features, such as, 420 enrichment of poly-uridylation NTA events on miRNAs and discrete length distributions for HDL and 421 APOB particles. Furthermore, lipoproteins were found to transport a multitude of non-host sRNAs likely 422 derived from bacterial and fungal species of the microbiome and environment. Many of these non-host 423 sRNAs were found to be likely processed from parent tRNAs and rRNAs. Using TIGER, we were also 424 able to define each sample type by their most abundant sRNAs independent of class or species, which 425 is particularly suited for the study of exRNA. Furthermore, the TIGER pipeline allows for the 426 quantification and differential expression analysis of sRNAs at both the parent and fragment levels. This 427 strategy allowed our determination that SR-BI has a limited role in regulating cellular and extracellular 428 sRNAs, which would not have been feasible with other analysis strategies that focus solely on the 429 parent RNA organization. Overall, this study demonstrates the power of expanding sRNA-seq analysis 430 beyond canonical miRNAs and exploring the full breadth of host and non-host sRNAs in every dataset. 431
Although many researchers are using high-throughput sequencing to quantify sRNAs, many 432 investigators do not take advantage of the enormous amount of information contained within sRNA-seq 433 datasets. The mammalian transcriptome is immensely diverse and complex, and thus, requires new 434 analytical tools and novel strategies to address the many distinct features of different sRNA classes 435 and contributing species 10, 12, 32 . TIGER is designed to incorporate both host and non-host sRNA 436 analysis into a modular design that allows for custom prioritization and parallel alignments to both 437 genomes and transcripts (libraries), and organizes data at the parent RNA, fragment, and class-438 independent levels. The seven modules include preprocessing, host genome and database, non-host 439 library, non-host genome, class-independent, summary, and unmapped. For host miRNAs, we 440 expanded miRNA analysis to include 5' and 3' terminal isomiRs and 3' NTAs. Furthermore, we 441 extended our analysis of annotated host sRNAs to include tDRs, rDRs, snDRs, snoDRs, lncDRs, and 442 many other less studied classes, e.g. yDRs. A key feature of TIGER is the alignment strategy for host 443 tDRs and rDRs which includes mapping to the host genome and mature transcripts in corresponding 444 databases, which overcomes challenges posed by introns 24, 33 . Another key advance in our pipeline is 445 the parallel analysis of host sRNAs at the parent and individual fragment levels. Organization of sRNAs 446 at the parent level allows for categorical analysis and positional coverage alignments which provides 447 information on parent RNA processing (cleavage). Conversely, analysis of sRNAs at the individual 448 sequence (fragment) level aids biomarker discovery and is critical to determining biological functions. 449
Collectively, these features represent a substantial advance for the analysis of endogenous host 450 sRNAs across all types of samples. 451
A critical difference between cellular RNA and exRNA profiles is the presence of non-host sRNAs 452 present in exRNA samples 1, 34, 35 . ExRNAs hold great potential as disease biomarkers, indicators of 453 specific cell phenotypes and damage, intercellular communication signals, and drug targets for future 454 therapies [36] [37] [38] . Current sRNA-seq analysis pipelines are not particularly suitable for the study of exRNAs 455 as many are restricted to only canonical miRNAs, or a limited number of host sRNAs, and lack analysis 456 of non-host sRNAs, which will likely be a major focus of future investigations. Based on a previous 457 study reporting that bacterial sRNAs are present in human plasma, TIGER was designed to identify 458 exogenous bacterial and fungal sRNAs. Strikingly, we found that the majority of sRNAs on HDL and 459 APOB particles are likely from bacteria present in the microbiome and environment. These non-host 460 sRNAs are not likely contamination products due to several observations. First, we were not able to 461 detect candidate bacterial sRNAs in control buffer used to isolate the lipoproteins by real-time PCR. 462 Moreover, reads aligning to bacterial and fungal genomes were not likely contamination of reagents 463 used for sequencing preparation as most of these reads were not present in liver datasets. Next, we 464 found very low correlation between lipoprotein samples for non-host bacterial and fungal sRNAs 465 suggesting that there was not a common source of bacterial or fungal RNA in the preparation reagents. 466
In addition, we found that bacterial and fungal sRNAs on HDL were enriched for short length sRNAs as 467 compared to APOB particles, a pattern that was also observed for host sRNAs, thus supporting a 468 common mechanism of loading or association for sRNAs that is different for HDL and APOB particles. 469
Moreover, we found that non-host bacterial sRNA profiles were distinct for HDL and APOB at the 470 fragment level, as demonstrated by PCoA and PERMANOVA. Collectively, these results strongly 471 support that HDL and APOB particles transport distinct sets of non-host sRNAs that are not likely due 472 to bacterial and fungal contamination or foreign RNA in reagents or the research environment. 473
The inclusion of non-host reads in our analysis greatly increased our ability to account for reads in 474 lipoprotein datasets. Nevertheless, there are many exogenous sRNAs that could be neither processed 475 from annotated transcripts in databases nor originate from species currently represented in the HMB 476 project. Therefore, another key feature of the TIGER pipeline is the ability to analyze data independent 477 of species identification or library annotation. As such, class-independent analysis extracts more data 478 and eliminates a potential barrier to the discovery of biomarkers and intercellular communication 479 signals. Notably, class-independent analysis of exRNAs captures sRNA sequence, length, and 480 abundance which are the important defining characteristics of biomarkers in extracellular fluids and 481 bioactivity in recipient cells. The TIGER pipeline also advances sRNA-seq analysis through the 482 incorporation of high-end comparative analyses and data visualizations, including PCoA, 483 PERMANOVA, hierarchical clustering and correlations, positional coverage maps, circular tree maps, 484 circos linkage maps, and ternary plots. The TIGER pipeline addresses many issues in sRNA-seq 485 analysis; however, we have identified a few limitations to the software. Although the TIGER pipeline is 486 designed to quantify 5' and 3' variants, it does not currently identify internal modifications, ADAR editing 487 20 events, or single nucleotide polymorphisms. This feature would aid in the study of tDRs, which are 488 heavily modified, and would potentially improve analysis of non-host sRNAs where reference genomes 489 may be lacking. The ability to quantify internal variance is a key feature of Chimira, as well as other 490 software, including UEA workbench 39 , and MAGI 40 . Furthermore, the TIGER pipeline does not include 491 the analysis of PIWI-Interacting RNAs (piRNA) and a few other sRNAs, including promoter-associated 492 sRNAs, which present unique challenges in alignments, quantification, and nomenclature 41 . Future 493 versions of the pipeline will include less studied sRNA classes and the ability to discover new host 494 sRNAs, as the current pipeline does not have the feature to identify novel miRNAs based on adjacent 495 genomic sequences which is an output of other pipelines 42, 43 . Despite these limitations, the TIGER 496 pipeline sets forth many improvements to sRNA-seq analysis. 497
In summary, the value of any sequencing data analysis pipeline, ultimately, is the ability to extract 498 the most useable information from the generated data. Therefore, the goal of TIGER was to assess 499 both host and non-host sRNAs, which greatly improved the ability to account for more reads in our 500 sRNA-seq datasets, particularly exRNAs. TIGER also advances the field in its ability to analyze host 501 sRNAs at the parent and fragment levels and non-host sRNAs at the genome and fragment levels. This 502 approach may be critical to discovering novel biomarkers and intercellular communication signals that 503 would be masked by analyzing the sRNAs by their parent RNAs. Likewise, TIGER analyzes sRNAs by 504 class and species (genome) as well as class-independent approaches. This is very important for the 505 study of exRNAs where the contributing parent RNA may not be annotated for the host genome, or the 506 contributing (exogenous) species for highly abundant sRNAs may not be curated in microbiome 507 databases. The TIGER pipeline is particularly suited for lipoprotein sRNAs which are predominantly 508 rRNA-derived fragments of bacterial origin. Using TIGER, we were able to make critical observations 509 comparing lipoprotein sRNAs to liver and biofluids that would not be observed by existing pipelines. 510
Therefore, this tool is well-suited for the analysis of exRNA. 511 512 21
Materials and Methods: 513
Animal Studies: Plasma, basal bile, urine, and livers were collected from wild-type (WT) and SR-BI-514 deficient (B6;129S2-Scarb1tm1Kri/J, SR-BI KO) mice, as previously described 44 . Mice were 515 anesthetized with urethane (1g/kg, i.p.). The common bile duct was ligated and the gall bladder 516 cannulated to divert bile into collection tubes. Basal bile was collected for a period of 30 min. Mice were 517 then exsanguinated, blood was collected from the abdominal aorta in EDTA coated tubes and placed 518 on wet ice, and tissues were dissected and snap frozen in liquid nitrogen. Plasma and tissues were 519 (10/300 GL; GE Healthcare). Samples were applied to the column with a flow rate of 0.3 mL/min at 527 room temperature and eluate collected as 72 x 1.5 mL fractions using a F9-C 96-well plate fraction 528 collector (GE Healthcare). Each fraction was analyzed for total protein (BCA; Pierce), total cholesterol 529 (Raichem), and triglycerides (Raichem) to identify fractions corresponding with HDL and APOB 530 particles. Due to the SEC set-up, we were not able to separate VLDL from LDL particles, and thus, we 531 collected fractions covering both lipoprotein classes, referred to here as APOB. Fractions 532 corresponding with each lipoprotein group were pooled, concentrated with Amicon Ultra-4 10 kDa 533 centrifugal filters (Millipore) to <200 µL volume, and protein concentrations were quantified by BCA 534 assays (Pierce). Based on the distribution of total cholesterol, triglycerides, and protein, fractions 535 corresponding to HDL and APOB were collected, pooled, and concentrated. 536 22 537 RNA Isolation: To differentiate lipoprotein sRNA signatures from liver and biofluids, and determine the 538 impact of SR-BI-deficiency, samples were collected from Scarb1 -/-(SR-BI KO) and wild-type (WT) mice. 539
Total RNA was extracted from HDL (WT N=7, SR-BI KO N=7) and APOB (WT N=7, SR-BI KO N=7) 540 particles, as well as livers (WT N=7, SR-BI KO N=7), bile (WT N=7, SR-BI KO N=6), and urine (WT 541 N=5, SR-BI KO N=6). RNA was isolated from equal inputs of either bile (volume), liver (mg), HDL 542 (protein) or APOB (protein) using miRNAEasy Mini kits (Qiagen). Specifically, 30 µL of primary bile, 120 543 μg of APOB, 180 μg of HDL or 20 mg of liver were added to 1 mL of Qiazol. Livers were homogenized 544 in Qiazol with High-Impact Zirconium beads using a Bead Bug Homogenizer (Benchmark Scientific). 545
After removal of beads, subsequent steps for liver RNA extraction were followed according to 546 manufacturer's protocol. Bile, APOB and HDL RNA isolations were processed according to 547 manufacturer's protocol, except that after addition of ethanol, samples were incubated at -80 o C 548 overnight before application to isolation columns, and were eluted with a volume of 50 μL. Liver RNA 549 samples were quantified by Take3 plates (BioTek). 
